This study aims to estimate the value of El Niño-Southern Oscillation (ENSO) forecasting to China's agricultural sector. This study applies the Weibull distribution to model crop yields under different ENSO phases. Under the framework of Bayesian decision theory, this research pioneers the application of China's Agricultural Sector Model to translate the yield effects resulting from ENSO variations into economic effects. Results show that ENSO exerts noticeable and heterogeneous effects on crop yields over selected crops across different regions. In addition, ENSO forecasting is useful for farmers' cropping decisions and positively impacts economic surplus. The findings present that the value of this information is generally positive and rises with improved forecast accuracy, with the value of perfect forecasting estimated to be as substantial as CNY 3168 million. However, the value of ENSO forecasting is relatively small in the context of China's tremendous agricultural output. This study is the first to evaluate the value of ENSO forecasting to China's agriculture sector and has critical implications for the promotion of a Chinese ENSO forecast system. Sustainability 2019, 11, 4184 2 of 23 ENSO forecasting. This new system has been applied to real-time operations during its development, but it still faces challenges in how accurately it can predict the intensity, occurrence, and phase transition time of the ENSO. For example, the forecast period shows a large degree of dispersion after less than one season for different forecasting patterns. Measuring the value of ENSO forecasting to China's agricultural sector, at different levels of forecast accuracy, will provide evidence to support investment in the development of an ENSO forecast system.
Introduction
The El Niño-Southern Oscillation (ENSO) is an irregularly periodical variation in winds and sea surface temperatureswhich arise from the tropical eastern Pacific Ocean andhas climatic effects on a global scale. Consequently, the frequency and strength of extreme weather events driven by the ENSO in China have increased significantly in the past 50 years [1] . The ENSO is classified into El Niño, La Niña and Neutral, which are the warm, cool, and normal phases of a recurring climate pattern across the tropical and subtropical Pacific, respectively. The systematic disturbances in climate pattern severely affect crop yields and, in turn, affect economic output. The impact measurements of climate variability on agriculture have evolved significantly in recent years (e.g., [2] [3] [4] ). Farmers can adjust their cropping decisions to mitigate the impacts of climate variability and maximize their profits if ENSO information is disseminated in advance. These adjustments to cropping decisions that are driven by ENSO information, such as reallocating planting acreage and altering inputs, are likely to have a positive impact on the variations in economic surplus, which can be explained as the value of an ENSO forecast [5, 6] . However, the potential of this gain to China's agricultural sectoris unknown.
In the past decade, the accuracy of China's climate prediction has been obviously improved. Since 2012, the Beijing Climate Center has progressed with research into a new generation of ENSO monitoring, analysis, and prediction system (SEMAP 2.0) to improve the operational capability of
Crop Yield Normalization
Considering the availability of yield data, county-level data has been collected from 1981 to 2014 for the five major crops in China, namely rice, wheat, maize, soybean, and cotton, which were obtained from the Agricultural Information Institute of the Chinese Academy of Agricultural Science. The five selected crops accounted for over 60% of planting areas in 2014 (China Statistical Yearbook 2017). We first detrend the yields for the five crops in 365 prefecture-level cities to eliminate additional influences over crop production, such as time trends and technological advancements. The yields are assumed to follow a second-order polynomial trend. For a specific prefecture-level city which includes several counties, a crop yield in county i is determined by:
where y it is the yield for county i at time t (t = 1981, . . . , 2014) , and ε it is the error term. We also add a county dummy variable d i to remove regional heterogeneity in each of counties. The predicted yield (ŷ it ) and deviation from the predicted yield (ε it ) are obtained from Equation (1). Goodwin et al. (1998 Goodwin et al. ( , 2004 [9, 12] indicated that deviation from the time trend tends to be proportional to the yield level. We have normalized all yields to 2014 equivalents as follows:
where Y it represents the normalized yields from 1981 to 2014 for county i.ŷ 2014 denotes the normalized yield of a given prefecture-level city based on the average values of county-level yield in county i (ŷ i, 2014 ) over N counties in the city.
ENSO Phase Categorization
ENSO phases (El Niño and La Niña) are determined based on a three-month running mean ofsea-surfacetemperature anomalies (SSTA) in the Niño 3.4 region (170 • W-120 • W, 5 • S-5 • N) proposed by the National Oceanic and Atmospheric Administration (NOAA) (Silver Spring, MD, USA). If the index exceeds 0.5 • C for five consecutive months, then the year is classified as being in the El Niño phase. If the index falls below −0.5 • C for five consecutive months, then the year is classified as being in the La Niña phase. All other years are defined as the neutral phase. Table 1 lists the ENSO historical events from 1981 and 2014. 
Modeling Crop Yield Distribution
To compare the effects on crop yields, we model the yield distribution to estimate the expected crop yields under different ENSO phases. Popular parametric and nonparametric methods are used for modeling crop yields, such as beta distribution [13] , gamma distribution [14] , Weibull distribution [8] , and standard nonparametric kernel method [15] . We chose the Weibull distribution to model the crop yields because of the method's flexibility and simplicity; Chen et al. (2004) [8] demonstrated that the Weibull distribution is suitable for explaining the crop yield density in frequent extreme events. The density function of a simplified Weibull random yield is shown as follows:
where k is theshape parameter (k > 0), and λ is thescale parameter (λ > 0). Subscript s denotes various ENSO phases (El Niño, La Niña, and neutral). Y it,s is the normalized yield at phase s. Parameters (The parameter estimators are available upon request.) λ and k can be estimated using the maximum likelihood estimation method. The log-likelihood function (L) is shown in the Equation (5).
Then we calculate themeanof a Weibullrandom variable from Equation (6), so the mean yield can be obtained.
where Γ 1 + 1 k is the gamma function.
Conceptual Framework
This section describes the framework used to evaluate ENSO forecasting. In the absence of ENSO forecasts, farmers make cropping decisions according to their historical experience. However, with ENSO forecast information available, farmers are expected to adjust their cropping behaviors to maximize their profits in agriculture [5, 16] . Changes to cropping decisions are likely to affect the supply of agricultural products, which further influences the quantity and possibly affects the market commodity price due to China's position of strength in the agricultural trade's global market. The shift in market equilibrium ultimately affects economic surplus, including that of consumers and producers. Appendix B describes the shift in supply curves and market equilibrium. The outer aggregation forms its expectation as a convex combination of all possible economic surplus under different ENSO phases weighted by their respective probabilities. The value of ENSO information is defined as the difference between the expected economic surplus obtained with and without forecast information. Note that the study assumes that farmers react to ENSO forecasts by modifying the planting acreage of their crops. Other adjustments, such as irrigation, labor, crop varieties, and calendar, are assumed to be fixed in each region. The value of ENSO information presented here does not include benefits that could occur due to other adjustments, except the responses in crop mix, which are likely to be positively affected by the development of the ENSO prediction system. Figure 1 shows the conceptual analysis framework, and the formalization is outlined in the following section. 
Decision Making without ENSO Forecasts
We begin by examining the scenario without ENSO forecasting. Let the random variable denote ENSO phases (E = El Niño, L = La Niña, N = neutral). The optimal cropping pattern remains in the long run, given various yields under the realized state of ENSO from the above theoretical conclusion. For a particular ENSO phase , the shift in market supply due to yield change in each region for each crop can be captured by CASM. Thus, the economic surplus-including consumer and producer surplus-based on the aggregate market demand and supply curves can be estimated. In practice, the expected total economic surplus is given as:
where is a realization of ENSO phase , 1 ( ) denotes the economic surplus given the realized ENSO phase , and ( ) is the probability when = , which can be calculated by the frequency of each ENSO phase.
Decision Making with ENSO Forecasts
If ENSO phase forecast information is disseminated before the planting season, then farmers can adjust their cropping decisions using Bayesian decision theory. Let random variable denote the forecasted ENSO phase, whereas is a realization of . The values of are the same as (E = El Niño, L = La Niña, N = neutral). Given the forecasted ENSO phase , a farmer uses this information to update the prior probability ( ) according to Bayesian decision theory.
where ( ) = ∑ ( | ) • ( ), ( | ) is the posterior probability, and ( | )is forecast skill. As a result of ENSO phase forecasting, farmers adjust their cropping patterns to achieve maximum benefit. Farmers' decision making relies on historical experience and forecast Equilibrium Price Equilibrium Quantity 
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Bayesian Decision Theory
Decision Making without ENSO Forecasts
We begin by examining the scenario without ENSO forecasting. Let the random variable S denote ENSO phases (E = El Niño, L = La Niña, N = neutral). The optimal cropping pattern remains in the long run, given various yields under the realized state of ENSO from the above theoretical conclusion. For a particular ENSO phase s, the shift in market supply due to yield change in each region for each crop can be captured by CASM. Thus, the economic surplus-including consumer and producer surplus-based on the aggregate market demand and supply curves can be estimated. In practice, the expected total economic surplus is given as:
where s is a realization of ENSO phase S,w 1 (s) denotes the economic surplus given the realized ENSO phase s, and π(s) is the probability when S = s, which can be calculated by the frequency of each ENSO phase.
Decision Making with ENSO Forecasts
If ENSO phase forecast information is disseminated before the planting season, then farmers can adjust their cropping decisions using Bayesian decision theory. Let random variable X denote the forecasted ENSO phase, whereas x is a realization of X. The values of X are the same as S (E = El Niño, L = La Niña, N = neutral). Given the forecasted ENSO phase x, a farmer uses this information to update the prior probability π(s) according to Bayesian decision theory.
where p(x) = s p(x|s)·π(s), p(s|x) is the posterior probability, and p(x|s) is forecast skill. As a result of ENSO phase forecasting, farmers adjust their cropping patterns to achieve maximum benefit. Farmers' decision making relies on historical experience and forecast information. The optimal cropping pattern and economic surplus depend on achieving both forecasted and realized phases. In practice, the expected economic surplus is calculated by averaging the conditional economic surplus over the probability of X to:
where W 2 (x) = s p(s|x)·W 2 (x|s), which denotes the conditional expected economic surplus given x.
Note that farmers account for the possibility of incorrect phase forecast by averaging over p(s|x). According to the above analysis, the value of ENSO phase forecast is given by:
The value of ENSO forecasting in a particular year is not necessarily positive because a biased forecast may result in a loss of economic surplus. However, the value of using forecast information contributes to the long-term increase ineconomic surplus.
China's Agricultural Sector Model
We apply China's Agricultural Sector Model (CASM) to translate the yield effects of ENSO to economic effects. This model simulates an economic equilibrium by maximizing farmers' profits and minimizing consumers' costs. The approach is motivated by Samuelson (1952) [17] , who suggested solving optimization problems whose first-order conditions constituted a system of equations characterizing a market equilibrium. Underlying this mechanism is the First Fundamental Theorem of Welfare Economics, which dictates that an allocation of resources that maximizes producers' profits, consumers' utility, and clears all markets, is Pareto Optimal (PO). CASM is structured based on the PO theory.
CASM is a multiple-commodity, price endogenous, partial equilibrium model applied to estimate the value of ENSO forecasting. This bottom-up, mathematical programming model represents the monthly production of primary agricultural products over growing seasons across China, reflecting national markets and regional resources plus socioeconomic constraints as discussed in McCarl and Spreen (1980) [18] . CASM is used to reflect national agricultural product markets under regional resource constraints, such as land and labor. [19, 20] discussed the basic structure of the model (see Appendix C). CASM features 365 prefecture-level cities as sub-regions. Each sub-region possesses different resources in terms of available arable land and labor, along with varying cropping and livestock mixes with different production budgets across China. Cropping patterns in each sub-region are portrayed by representative farm models. These models mimic the technical and economic environment of producers in each sub-region, as discussed in Adams et al. (1986) [21] . The objective function of the model is to maximize the area under the demand curves ratherthan the area under the supply curves, which is introduced in Appendix B.
CASM provides an aggregated representation of China's agricultural sector and needs to be structured to adequately represent that sector. We formed the model (as discussed above) and calibrated it to match observed production and consumption data. We employed the positive mathematical programming approach developed by Howitt (1995) [22] that manipulates the form of the production costs in an effort to replicate observed cropping patterns and livestock numbers. A classic quadratic form wasused to calibrate against the observed production levels. The CASM model was calibrated against 2014 observations due to data availability. In current research [19, 20] , CASM results on commodity production and prices closely matched the observed data. The crop and livestock prices and quantities werewithin 5% of the actual observations (see Appendix D). Thus, CASM is suitable for further analysis. 
Information Sources for CASM Specification
Sixteen primary field crops and six types of livestock are produced regionally in CASM when local conditions allow. The regional crop and livestock production budgets, as well as farm gate prices, were obtained from data compiled by China Agricultural Product Cost and Revenue (2015). Agricultural commodity trade data werefrom the USDA. Data on crop planting and harvesting time wereobtained from the USDA report on Major World Crop Areas and Climatic Profiles (It is available at https://www.usda.gov/oce/weather/pubs/Other/MWCACP/.) and agronomists' suggestions, if needed. The storage costs for major commodities werefrom Chen (2007) [23] . The elasticitiesof labor supply werefrom Feng and Zhang (2012) [24] and wereassumed to be equal across all regions. The demand elasticity data for primary products wereadopted from Zhang (2004) [25] . All prices weredeflated to 2000 levels.
We categorized observed years to one of three ENSO phases based on the index derived by observed SSTA proposed by NOAA. The years in each category correspond to the first three months of the ENSO year namely October, November, and December from the definition of the Center for Ocean-Atmospheric Prediction Studies (It is available at https://www.coaps.fsu.edu/jma.). The ENSO phase categorization from 1981 to 2014 is listed in Table 2 . We assumedthe frequencies of each ENSO phase remain constant in the future. The frequencies of each ENSO phase π(s) wereset to π(E) = 0.32, π(L) = 0.27, and π(N) = 0.41 that are shown in Table 2 . 1981  1982  1984  1983  1986  1988  1985  1987  1995  1989  1991  1998  1990  1994  1999  1992  1997  2000  1993  2002  2007  1996  2004  2010  2001  2006  2011  2003  2009  2005  2014  2008  2012  2013 Considerable uncertainty exists in ENSO forecasting [15, 26] , particularly the so-called "spring predictability barrier" that hinders accurate ENSO forecasting [27] [28] [29] [30] and may lead to mistakes in decision making [26] . To reflect this reality, four hypothetical levels of forecast skills-namelyperfect, high, moderate, and low-wereconsidered to measure the value of ENSO forecast information. The forecasting accuracies of perfect, high, moderate, and low wereset to 100%, 90%, 70%, and 50%, respectively, and the details are listed in Table 3 . According to Equation (8), we obtained the corresponding posterior probabilities in Table 4 . Table 3 . p(x|s) under different forecast skills. Perfect
Perfect
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Results and Discussion
Effects of ENSO on Yields
This study first presents the effects of ENSO on crop yields across prefecture-level cities in China. Figure 2 illustrates the yield effects from El Niño and La Niña phases. The percent change in yield for each ENSO phase is defined as the deviation from average yield, which is computed by the weighted average over all the three ENSO phases. The weights are computed based on the historical frequency of each ENSO phase. According to the frequencies of ENSO phases in Appendix A, for example, the weights of wheat in Heilongjiang, Jilin, and Liaoning are 0.470, 0.265, and 0.265 for El Niño, La Niña, and neutral phases, respectively. We calculate the percent change using average yields because farmers normally make decisions based on historical data. 
ENSO Forecast Value
Using the economic results obtained from CASM as a basis, we can acquire the ENSO forecast values at different levels of prediction accuracy. The results indicate that the agricultural sector will benefit from ENSO forecasting (see Table 5 ). The total economic surplus with ENSO forecasting is significantly larger than it is without ENSO forecasting, and the information value is generally Figure 2 shows the heterogeneous yield effects from the ENSO over the selected crops across regions. The ENSO leading signals are not uniform within a single province, and the crop yield responses are regionalized [31] . Crop yield responses to ENSO phases reverse in different regions, which could be ascribed to conditions offered by varying agriculture facilities. Shuai et al. (2013) [31] indicated that the responses of crop yields to ENSO phases in western China reversed their sign before 1980 and after 1980 because of improvements made to agriculture facilities, the most significant of which is probably irrigation conditions [32] [33] [34] [35] . Over all, the ENSO has less of an impact on rice yields to that of other crops, and the yields are more sensitive to the ENSO at high latitudes. Cotton yields are most sensitive to the ENSO and demonstrate over 10% yield changes in most regions.
Generally, the yield effects in El Niño and La Niña phases over the selected crops in the same region, especially in the main crop planting area, are opposite. For example, the yield effects of El Niño and La Niña phases on rice yields are approximately reversed in northeast China. Moreover, the yield effects of El Niño and La Niña phases on wheat yields are evidently reversed in the North China Plain. Similarly, the yield effects of El Niño and La Niña on maize are generally opposite in the Huang-Huai-Hai region and the two ENSO phases affect soybean yields in China's three northeastern provinces (Heilongjiang, Jilin, and Liaoning) in reverse. In addition, El Niño and La Niña phases affect cotton yields in opposite directions across most production regions.
Overall, these heterogeneous effects provide a basis for the economic analysis of ENSO forecasting, and we can place this percentage change information into CASM to test whether crop mix adaptation during the different ENSO phases generates a benefit to China's agriculture sector.
Using the economic results obtained from CASM as a basis, we can acquire the ENSO forecast values at different levels of prediction accuracy. The results indicate that the agricultural sector will benefit from ENSO forecasting (see Table 5 ). The total economic surplus with ENSO forecasting is significantly larger than it is without ENSO forecasting, and the information value is generally positive, although these gains decrease accordingly in response to reduced forecast accuracy. The value of perfect ENSO phase forecasting is CNY 3168 million, while the information value sharply falls to CNY 167 million at the lower level of forecast accuracy, which accounts for only 5% of that under perfect forecast. The results warn that only accurate ENSO information is helpful for farmers, not poor forecasting. The changes in ENSO forecasting precision also redistribute the economic surplus between consumers and producers. Table 5 shows that producers always benefit from ENSO forecasting, and the gain increases with improved accuracy. The direction of the shift in consumer surplus varies with forecast precision. Consumers suffer from ENSO forecasting when the level of forecast accuracy is perfect or high. When the precision drops to a moderate level, consumers benefit, however, consumer surplusagain decreases if the ENSO forecast accuracy falls to 50%. The variation in consumer surplus is not necessarily monotonic, which can be explained as follows.
The changes in consumer and producer surplus are attributed to the shift in the aggregate market supply curve across all agricultural products. Note that the intercept and slope of the aggregate market supply curve change simultaneously due to the shift in the supply curve for each agricultural product with the reallocation of crops' planting acreage under different ENSO forecast accuracies. Figure 3 presents the possible cases by shifting the aggregate market supply curve under alternative ENSO prediction precision according to the results in Table 5 . S denotes the aggregate market supply curve of an agricultural product without ENSO forecast. S 1 , S 2 , S 3 , and S 4 denote aggregate market supply curves under perfect, high, moderate, and low accuracy of ENSO forecast, respectively. Note that the supply of an agricultural product is computed by the average over all the three ENSO phases, which can be referred to the calculation of expected economic surplus in Section 3. D denotes the aggregate market demand curve of an agricultural product. Figure 3 shows the increase in the intercept and the decrease in the slope of the supply curve with the reduction in ENSO forecast accuracy. The decrease in the slope of the supply curve implies the increase in the sensitivity of agricultural supply market with the decreasing ENSO forecast information. In particular, the farmers are more likely to produce short-cycle, storable agricultural products with greater price elasticity of supply when less information is available. A sharp change in the slope of the supply curve exists when the ENSO forecast accuracy drops from high to moderate level. As a result, the variation in consumer surplus changes from a decreasing to an increasing trend, whereas the total economic surplus keeps falling. When the forecast precision falls to a low level, the sharp increase in the intercept of the supply curve will reverse the upward trend of consumer surplus. The losses in consumer surplus under the perfect, high, and low accuracies of ENSO forecasting result from the increase in the agricultural product prices; conversely the reduction in prices under the moderate accuracy of forecast brings potential gain to consumers.The detailed analysis ofthe consumer and producer surplus can be referred to in Appendix B. 
Effects of ENSO Forecast on Crop Production
Considering that farmers adopt the ENSO forecast to redistribute the land allocated to different crops, which influences production, the gross production for each crop is not guaranteed to increase under alternative forecast accuracy. Under the serious food security concerns held by China's central government, we analyze the variation of crop production if ENSO forecasting is available. Table 6 presents the results of planted area changes for each crop with ENSO forecast compared with the scenario without ENSO forecast calculated by totaling the changes over regions. Under different predicted ENSO phases, farmers alter the hectares planted for each crop combined with the prediction precision. We find that farmers increase the amount of land devoted to wheat and cotton when anEl Niñophase is predicted under all forecast accuracy. If aLa Niña phase is predicted, then farmers decrease the planting acreage for all crops under perfect ENSO forecast and gradually increase soybean and cotton acreage when the forecast accuracy reduces. Less land is used in maize, soybean, and cotton planting when the neutral phase is predicted. Moreover, the planting areas of these crops increase as ENSO prediction skill improves within a prefecture-level city (The results are available upon request.), which implies accurate ENSO information stimulating farmers to adjust cropping patterns. Adams et al. (2003) found that a perfect ENSO early warning system generated $87 million (The benefit of a perfect ENSO early warningsystem for Mexican agriculture was 47.4 million in 2000 dollars and deflated to 2014 dollars here.) (CNY 534 million) benefit for Mexican agriculture. Therefore, the total ENSO forecast value for China's agriculture, at perfect accuracy level (CNY 3168 million) is greater than the ENSO forecast value for other countries. However, the value of perfect ENSO information for China's agriculture is relatively small when considering the nation's gross agricultural output (CNY 5477 billion). This finding implies that the ENSO impacts on Chinese agriculture are less serious than they are in the US.
Considering that farmers adopt the ENSO forecast to redistribute the land allocated to different crops, which influences production, the gross production for each crop is not guaranteed to increase under alternative forecast accuracy. Under the serious food security concerns held by China's central government, we analyze the variation of crop production if ENSO forecasting is available. Table 6 presents the results of planted area changes for each crop with ENSO forecast compared with the scenario without ENSO forecast calculated by totaling the changes over regions. Under different predicted ENSO phases, farmers alter the hectares planted for each crop combined with the prediction precision. We find that farmers increase the amount of land devoted to wheat and cotton when anEl Niñophase is predicted under all forecast accuracy. If aLa Niña phase is predicted, then farmers decrease the planting acreage for all crops under perfect ENSO forecast and gradually increase soybean and cotton acreage when the forecast accuracy reduces. Less land is used in maize, soybean, and cotton planting when the neutral phase is predicted. Moreover, the planting areas of these crops increase as ENSO prediction skill improves within a prefecture-level city (The results are available upon request.), which implies accurate ENSO information stimulating farmers to adjust cropping patterns. We further estimate the variation of crop production when ENSO forecast is available, and the framework is similar to the calculation of expected economic surplus in Section 3 (see Appendix E). The results of changes in crop production are given in Table 7 . The changes in crop production with ENSO forecast in the long run compared with the gross production in China are small, which is consistent with the result from Chen et al. (2000) [36] . Because the ENSO information is considered at a national level, the increase in crop production in some prefecture-level cities might be counteracted by the reductions in others. Specifically, the ENSO forecast leads to positive influences on rice and cotton production and negative impacts on soybean production. For wheat and maize, the ENSO forecast positively affects their production when the forecast accuracy is over 50%, however, negatively affects their production when the forecast accuracy falls to 50%. Comparing the results in Tables 6 and 7 , the decreases in crop planting acreage seems to conversely to contribute to crop production, which can be ascribed to the differences in yields across regions. The small increases in planting acreage in high-yield regions and big decreases in planting acreage for low-yield regions will lead to a national reduction inplanting acreage and simultaneously an increase in production. For example, the small increases in maize planting acreage in Jilin, Heilongjiang, and Inner Mongolia in apredicted El Niño phase will offset decreases in maize production due to the large reductions in planting acreage in Henan and Shaanxi (The changes in planting acreage and production of the five selected crops with ENSO forecast at provincial level are available upon request.).
The results indicate that ENSO information can help farmers to make optimal panting decisions that maximize profit. Soybean is a crop that is adversely affected by ENSO forecasting and thereductions in production are minor under different ENSO forecasting accuracies. Therefore, ENSO forecasting conclusively does not harm the food supply in China.
Conclusions
This research shows that ENSO, under different phases, has noticeable and heterogeneous effects on crop yields over selected crops across prefecture-level cities in China. ENSO forecasting is useful for the adjustment of farmers' cropping decisions, which leads to a shift in the supply of agricultural products andultimately, a benefit in the form of an economic surplus, which is, in turn, defined as the value of ENSO forecast. This research first confirms that ENSO forecasting has significant economic value to China's agricultural sector. The value of ENSO forecasting ranges from CNY 167 to 3168 million depending on the accuracy of the forecast, providing a justification for investment in developing ENSO forecasting systems. The considerable returns offered by ENSO forecasting are likely to have an implication for China's investments in agricultural meteorology.
Our findings are supported by the method improvement of the Weibull distribution yield model. We first normalized the yield data by removing time trends and regional heterogeneity, then applied Weibull distribution to model the normalized crop yields under alternative ENSO phases, a model that is proven the best to explain the variation of crop yields by Chen et al. (2004) [8] . In addition, the study pioneered the application of CASM considering commodity price responses in the market to translate the yield effects resulting from ENSO into economic effects under the framework of Bayesian decision theory.
In light of existing research, this study has some limitations that tend to underestimate the value of ENSO forecasting to agriculture. First, we only considered the yield effects ofthe ENSO for five selected crops due to the availability of data. If more crops were considered in our model, the value of ENSO forecasting to China's agriculture sector would probably be greater. Second, we assumed that farmers react to ENSO forecasts by modifying the planting acreage of their crops. Other adjustments, such as irrigation, labor, crop varieties, and calendar, were assumed to be fixed in each region. However, these additional factors need to be considered in future research. Figure A1 describes the shift in supply curves and market equilibrium of agricultural products. P and Q denote the prices and quantities of agricultural products. D P D and S P S denote the demand curve and supply curve of agricultural products, respectively. E 1 and E 2 are the market equilibrium points when the supply curve moves to S 1 P S and S 2 P S . The triangular areas formed by the supply curve, the demand curve and the vertical axis are the total economic surplus, the areas above the equilibrium price are consumer surplus and below the equilibrium price are producer surplus. and denote the prices and quantities of agricultural products. ( ) and S( ) denote the demand curve and supply curve of agricultural products, respectively. 1 and 2 are the market equilibrium points when the supply curve moves to 1 ( ) and 2 ( ). The triangular areas formed by the supply curve, the demand curve and the vertical axis are the total economic surplus, the areas above the equilibrium price are consumer surplus and below the equilibrium price are producer surplus. Figure A1 . Shift in supply curves and market equilibrium.
Appendix C
Referring to [19] , we introduced the structure of CASM in detail. The agricultural production possibilities for crop and livestock production, are denoted as ; subscript represent China's trading partner countries, subscript and ′ represent subregions in China; represents inputs used for commodity production and nutrients derived from farm family consumption of farm produced products. The regional economic optimization model for China's agricultural sector is defined as follows (The full model is written using GAMS.) and the definitions of parameters and variables are listed in Tables A6 and A7 .
2 Figure A1 . Shift in supply curves and market equilibrium.
Referring to [19] , we introduced the structure of CASM in detail. The agricultural production possibilities for crop and livestock production, are denoted as i; subscript c represent China's trading partner countries, subscript r and r represent subregions in China; j represents inputs used for commodity production and k nutrients derived from farm family consumption of farm produced products. The regional economic optimization model for China's agricultural sector is defined as follows (The full model is written using GAMS.) and the definitions of parameters and variables are listed in Tables A6 and A7 . 
Parameters Definitions
Y rit
Yield of production activity i in region r in period t C ST ri Unit cost of storage by farmers for commodity i in region r CT ST i Unit cost of storage for commodity i in market CM i Unit cost of transportation for commodity i SUB ri Subsidy for commodity i in region r X r j Endowed amount of input j in region r, such as land, family, and labor L F r Amount of family labor supply in region r L r Amount of labor from region r that can be supplied to labor market N rk Minimum requirement of nutrient k in region r arising from on-farm consumption for human beings and livestock in a period a ik Content of nutrient k in commodity i Table A7 . Definitions of Variables.
Variables Definitions
QA i
Annual country-wide, total, non-farm, domestic demand for commodity i that is bought from market Q SELF rit Amount of commodity i that is used at the farm level from the farmers' own production being either consumed by the farm family or farm livestock in region r in period t
CS it
Share of non-farm consumption for commodity i that occurs in period t The model maximizes consumers' and producers' surplus in Equation (A1) subject to market supply-demand balances, resource, and family nutritional constraints. Equation (A2) presents the aggregate demand-and-supply balance for China's domestic agricultural commodity market by period. The equation shows that the demand fora specific commodity includes domestic consumption, commodities transported out to regional markets, exports, and storage into the next period. Supply comes from commodities transported in from production regions, imports, and storage from the last period. Demand is less than or equal to the total supply. As agricultural production and consumption occur over time, the market-clearing conditions are represented for each month. To simplify the model, the monthly share of non-farm consumption CS it is set as 1/12 the annual estimate. Equation (A3) shows the regional demand-and-supply balance by period. The demand includes farmers' self-consumption, the amount of a commodity transported from each region r to other regions, and storage into the next period. Local supply is from production, commodities transported in from other regions to this region r, and storage from the last period. Equation (A4) is a resource-endowment constraint for each sub-region, restricting the use of land and family labor in agricultural production to be less than or equal to the total available land and family labor endowment, respectively. On rice production, a regional land suitable for maximum paddy land available is added to restrain rice to only flat lands with water access. Inequality (A5) states that the total amount of labor used in agricultural production should be less than or equal to the aggregate amount available from the two sources of labor, namely, family labor and hired labor from the market. This inequality is a market-clearing condition that is similar to Constraint (A2) but only for labor. Inequality (A6) requires that regional labor hired be no more than local labor market supply. Constraint (A7) captures the nutrition requirements for the family and livestock on a regional, monthly, and nutrient basis. For farm families, we assume that 60% of calories and protein comes from on-farm grain consumption. In the average Chinese diet, about 65% of the calories come from rice. For crops fed to livestock, multi-commodity diet alternatives are entered for each different animal types, and the model chooses the optimum. Generally, maize and soybeans are the most important feeds for livestock. Equations (A8) and (A9) require the aggregates of monthly imports and exports to be equal to the annual values of trade. Table A8 . Calibration between observed and model-generated production and price. 
Appendix D
Commodities
